Introduction
Use of fuel cells has received increased attention as a viable alternative energy source for automobiles due to clean and efficient power generation. Several fuel cell vehicle concepts and fuel cell system designs have been proposed and studied in terms of safety, robust operation, fuel economy, and vehicle performance ͓1-5͔. As a result, safety and vehicle performance have been significantly improved to a practical level. System research on hybrid electric fuel cell vehicles ͑HEFCVs͒ has aimed at exploring the tradeoffs among safety, fuel economy, acceleration, and other vehicle attributes ͓6,7͔. A model-based vehicle design methodology using a quasistatic fuel cell model, which could be used to design both the vehicle and its fuel cell system, was recently presented ͓7͔. The model offered sufficient fidelity and efficiency for engineering design studies. Such studies can be more valuable for preliminary design if business aspects are included in the optimization study. Inclusion of business aspects makes the design problem more complex, requiring multidisciplinary analyses with significant interactions. Additionally, a new technology, such as fuel cells, is subject to increased uncertainty ranging from manufacturing variability to market response to fuel price fluctuations. Such uncertainty should be accounted for to the extent possible when studying the feasibility of HEFCV designs.
Due to the increased complexity and uncertainty, an all-in-one ͑AIO͒ optimization method, where all subsystems are considered together in a single problem, may not be practical or reliable. In such cases, it is advisable to use decomposition strategies in a multidisciplinary design optimization ͑MDO͒ framework, where the system is broken down into several manageable subsystems, whose solution is coordinated to produce the overall system solution. Decomposition strategies often use two levels: subproblems, typically representing different aspects ͑or disciplinary analyses͒, are optimized concurrently, while a system-level problem coordinates the interactions between the subproblems ͓8-11͔. Analytical target cascading ͑ATC͒ is an optimization method for multilevel hierarchical systems typically partitioned into physical subsystems or objects ͑see Fig. 1͑a͒͒ ͓12͔. Each block in the hierarchical structure, referred to as an element, is an optimization subproblem. An element can be coupled with only one parent element but with multiple children elements. The linking variables between a parent and children are design targets and analysis responses. Targets are set by parents and propagated to their children; the children are optimized to obtain responses that are as close to the targets as possible. Thus, targets and responses are updated and coordinated iteratively to achieve consistent values for the overall system.
Research addressing the solution of hierarchical system design optimization problems under uncertainty is very limited due to the difficulty in correctly propagating uncertainty throughout the system in a computationally efficient manner. Using random variables to represent uncertainty, Kokkolaras et al. ͓13͔ formulated a probabilistic analytical target cascading ͑PATC͒ problem, generalizing further in the work of Liu et al. ͓14͔. Assuming that the system can be decomposed hierarchically into N elements at M levels, the generalized PATC formulation for an element O ij with a quadratic penalty function is expressed as follows:
given T ij ,R ͑i+1͒k 
where quantities with indices ij are related to element j at level i. As shown in Fig. 1͑b͒ , X ij , T ij , and R ij denote local design variables, targets, and responses to the element O ij , while f ij , g ij , and a ij are local objective, constraint, and response functions, and M c is the number of constraints. Design constraints are expressed in a probabilistic formulation, in which the probability of failing g ij,m ͑X ij ͒ Յ 0 is smaller than or equal to a target probability of failure pf ij,m . In Eq. ͑1͒, the ‫ؠ‬ operation indicates the componentwise multiplication of two vectors such that ͕a 1 , . . . ,a l ͖
PATC formulations, readers are referred to Refs. ͓13,14͔.
As pointed out in Ref. ͓14͔, the choice of random variable representation is an important issue in MDO under uncertainty. A popular way to define uncertainty is using random variables, assuming that their probability density functions ͑PDFs͒ can be inferred. These distributions are assumed as inputs to the optimization problem. Solving the optimization problem requires estimating propagation of these uncertainties throughout the system, which can be a computationally expensive process for nonlinear systems. To overcome this difficulty, new coordination strategies using sequential linearizations were developed to solve hierarchically decomposed design problems ͓15,16͔, which take advantage of the simplicity and ease of uncertainty propagation for linear systems by solving a hierarchy of linearized problems successively, as proposed in Ref. ͓17͔ . In these strategies, probabilistic constraints are approximated by equivalent deterministic linear constraints using either the first order reliability method ͑FORM͒ or the second order reliability method ͑SORM͒. The linking variables are represented only with means and standard deviations. The means of linking variables are treated as optimization variables, while their standard deviations are estimated at every iteration. Therefore, consistency of random variables does not require significant computation in estimating and matching distributions. Moreover, weighted L ϱ norms are used as a relaxation function in order to maintain linearity of subproblems. Due to the simplicity and ease of uncertainty propagation for linear subproblems, the proposed strategy converges to the solution as accurately as PATC with other nonlinear functions, improving the computational efficiency by more than 10 times. The convergence, accuracy and effectiveness of the strategy were discussed in Refs. ͓15,16͔.
In this study, a hierarchically decomposed HEFCV design model, which takes into account profit, cost, and market demand issues, is developed ͑as illustrated in Fig. 2͒ and solved using the aforementioned decomposition strategies. In addition to engineering uncertainties, the model takes into account uncertain behavior by consumers, and the expected maximum profit is calculated using probabilistic consumer preferences while satisfying engineering feasibility constraints. The HEFCV under consideration is a light truck ͑or small sports utility vehicle͒ whose curb weight is 2480 kg including hydrogen storage. Figure 3 illustrates its powertrain configuration. The proton exchange membrane ͑PEM͒ fuel cells and lithium ion batteries are used as primary and secondary power sources in the powertrain, respectively. The study focuses on high-pressure fuel cell systems with a compressor because most vehicular application prototypes are developed using highpressure fuel cells due to their higher power density.
Sections 2-5 explain the fuel cell, battery, powertrain, and enterprise decision models, respectively. Optimization results and discussion are presented in Sec. 6, followed by conclusions in Sec. 7.
Fuel Cell System Model
The study employs the quasistatic PEM fuel cell model in Ref.
͓7͔ developed for design optimization from a dynamic fuel cell model by Pukrushpan et al. ͓18͔. The dynamic model was validated with experimental data from the 75 kW stacks used in the Ford P2000 fuel cell prototype vehicle by the original developers. The fuel cell model combines fluid dynamics with static membrane-electrode-assembly ͑MEA͒ and compressor efficiency models obtained from experimental data. Since the MEA properties are normalized by a unit area, the MEA model can be scaled by multiplying the active area, while the compressor and flow channels can be scaled by the similarity principle. Thus, the quasistatic model can generate a static performance map that represents the maximum power for a certain range of fuel consumption with given control constraints and design variables.
The power output from a fuel cell system, P fc net , can be determined as the difference between the power generated from a fuel cell stack, P fc st , and the power consumed by auxiliary components, P fc con , expressed as
͑2͒
If the composition and structure of the cells are determined, then the cell voltage is a function of stack current density and reactant flow properties, including partial pressures, humidity, and temperature. As shown in Fig. 4 , these properties are governed by reactant suppliers consisting of four flow subsystems: a hydrogen tank and compressor determine hydrogen and air pressure throughout the system, and a humidifier and cooler adjust the Transactions of the ASME humidity and temperature of reactant gases to the fuel cell stack.
Since the map generated in the model is quasistatic, the transient irregularity in the properties of the inlet reactant flow is ignored. It is also assumed that the pressure at the anode depends on the cathode pressure. Table 1 summarizes the system operating conditions and active area. Additionally, power losses other than the compressor one are ignored from the calculation of P fc con in Eq. ͑2͒ because the compressor consumes the majority of all auxiliary power consumption in high-pressure PEM fuel cells ͓18͔. Under these assumptions, the net power output, cell voltage, and stack voltage can be reduced to a function of the stack current, and the typical relation between them is presented in Fig. 5 .
For effective coordination, a simple yet accurate representation of performance maps needs to be defined. As shown in Fig. 5͑a͒ , the net power output can be approximated as P fc net = ␤ 2,fc I fc st 2 + ␤ 1,fc I fc st , where ␤ 2,fc and ␤ 1,fc depend on fuel cell design variables, namely, the number of fuel cells in a stack and the geometric scaling factors of the compressor and reactant channel in length ͑␣ cp and ␣ ch , respectively͒. Since P fc net = v fc net I fc st , then v fc net = ␤ 2,fc I fc st + ␤ 1,fc . As shown in Fig. 5͑b͒ , the net voltage has a peak at low current. Assume I fc min is a minimum operating current of a fuel cell system near the current with the peak voltage. To reduce the number of linking variables, I fc min is set to I fc max / 10. Between I fc min and I fc max , an exhaustive design of experiments analysis within the design bounds defined later shows that approximation errors are smaller than 5% or the fuel cell can actually produce higher voltage ͑resulting in higher efficiency͒ than the approximation. Then, the fuel cell map can be represented as follows:
As shown in Fig. 2 , the other linking variables between the fuel cell and powertrain are mass, m fc , specific cost, SC fc , and number of cells, n fc . According to Ref. ͓19͔, a fuel cell stack surveyed in year 2005 costs and weighs $360/ m 2 and 3.9 kg/ m 2 , respectively, including membranes, electrodes, gas diffusion layers, bipolar plates, and seals. Since fuel cells are too expensive and heavy compared with current internal combustion engines ͑ICEs͒, the 2010 United States Department of Energy ͑DOE͒ targets for fuel cell stacks are used here ͓20͔. Due to lack of data, it is assumed that the power density per unit area in year 2010 is identical to that in year 2005, and the stack cost and mass here are set to $130/ m 2 and 2.7 kg/ m 2 , respectively. Also, assuming that the baseline auxiliary components is for a 100 kW system and satisfies the 2010 United States DOE targets ͑$20/kW͒, the cost of baseline auxiliary components is set to $2000. If the cost of auxiliaries is assumed to increase linearly with the compressor volume, we can define the fuel cell system cost as C fc = 130A fc n fc + 2000␣ cp 3 . Also, assuming the mass of auxiliaries increases linearly with the compressor volume and flow channel radius, the fuel cell system mass can be expressed as m fc = 2.7A fc n fc +15␣ cp 3 +20␣ ch + 50. Due to lack of data, the parameters used for the auxiliaries are assigned arbitrarily. Based on some parametric studies, however, fuel economy and acceleration are less sensitive to the parameters than to the efficiency and maximum power of the fuel cell system due to the mass of vehicle if the total mass of auxiliaries is between 70 kg and 120 kg.
While current costs for fuel cell stack and fuel cell system are $67/kW and $108/kW, respectively, a fuel cell stack should cost less than $50/kW in mass production to be competitive in the automotive market ͓21͔. Therefore, assuming the ratio between the costs of a fuel cell stack and a fuel cell system remains similar, we can consider market acceptability as follows:
Then, the fuel cell subproblem in deterministic ATC formulation can be expressed as follows:
where r fc = a fc ͑x fc ͒,
where t fc is a vector of targets for n fc , m fc , SC fc , ␤ 2,fc , ␤ 1,fc , and I fc max cascaded from the powertrain subproblem. The compressor and channel scaling factors are assumed to be normally distributed with ␣ cp = ␣ ch = 0.02. On the other hand, the number of cells is considered deterministic and large enough to be treated as a continuous variables. Furthermore, we assume that the linking variables related to the map representation are deterministic and the remaining, t m fc , t SC fc , are random. Moreover, the local constraint, g fc , is treated as a probabilistic constraint with pf = 0.13%.
Battery System Model
Among various secondary power sources for a hybrid powertrain, Li-ion batteries have gained significant attention due to their The rate of the insertion reaction depends not only on cell properties ͑such as diffusion coefficients of lithium-ions͒ but also on cell geometries ͑such as cell thicknesses or active areas͒. With given cell properties, a wider active area, A bt , is desirable because it typically results in a lower resistance and higher energy content. Moreover, because a typical discharge voltage of Li-ion cell is less than 4.0 V, a number of cells need to be connected in series to produce sufficiently high voltage for automotive applications. In this study, all cells are assumed to be connected in series and the number of battery cells in series connection, n bt , is considered as a design variable in powertrain design.
In order to simulate the behavior of a given Li-ion battery cell for a load cycle, a 1D full cell model of Li-ion batteries has been developed in Refs. ͓23,24͔, assuming the cell is uniform in the directions parallel to the current collectors. Most parameters in the model can be directly measured, while film resistance and diffusion coefficients for specific electrode materials were validated from the experimental data by the original developers. Since most output quantities are normalized by a unit area, the resulting output can be easily scaled by multiplying the active area. The cell temperature can vary with time if temperature-dependent material properties are provided. Due to lack of data, however, we assume that the temperature of the system is uniform and constant at 25°C. Also we take the cell thickness and cell area, A bt , as the design variables for the battery, assuming the other properties and geometries, such as insertion materials, porosities, and number of windings, are fixed. The negative and positive insertion materials are graphite and CoO 2 , respectively, with an electrolyte of LiPF 6 in an ethylene carbonate/dimethyl carbonate ͑EC/DMC͒.
The theoretical capacity of an electrode can be determined by the amount of Li content based on its stoichiometry ranging from 0 to 1. Since the actual range of the stoichiometry should be narrower than the theoretical range, we assumed that the actual capacity is 80% of the theoretical capacity to reduce computational costs. Also, in a balanced cell, the actual capacities of each electrode are equal. Therefore, the ratio between the electrode thicknesses is set to a constant ͑h bt p = 0.585h bt n ͒. In addition, we assume that the separator thickness, h bt s , is set to 25 m. The model requires a relatively high computational cost for design optimization, and so a simple internal resistance battery model is developed by characterizing battery cells, as described in the Partnership for Next Generation of Vehicles ͑PNGV͒ battery test manual ͓25͔. In the battery model, the estimated voltage, v bt net , can be expressed as follows: Figure 7 presents the estimated discharging and charging resistances ͑R bt dis , R bt chr ͒ and their quadratic approximations. As shown in the figure, the quadratic approximations agree with the estimated resistances. Note that the resistances show similar curvatures to each other over the SOC range. Thus, in order to reduce the number of linking variables, the resistances are modeled as follows:
The error resulted from the use of the same ␤ 2,bt for R bt dis , and R bt chr is smaller than 5% over the design space defined in Eq. ͑8͒. The resistances of a pack can be calculated by multiplying R bt dis and R bt chr with n bt . For powertrain simulation, the mass, m bt , and the capacity of batteries, Cp bt , are estimated from the densities and capacity of the materials provided in the library of the 1D model. Then, the battery subproblem in a deterministic ATC formulation can be expressed as follows:
where r bt = a bt ͑x bt ͒, A bt 0 = 0.528 m 2 , x bt = ͕h bt n ,A bt ͖ ͑8͒
where t bt is a vector of targets for m bt , Cp bt , a bt , ␤ 1,bt dis , ␤ 0,bt dis , ␤ 1,bt chr , and ␤ 0,bt chr cascaded from the powertrain subproblem. Both local variables are assumed to have normal distributions with h bt n =2 m, A bt = 0.02A bt 0 . Also, the mass and capacity are considered random while the linking variables related to the resistance maps are deterministic. 
Powertrain Model
In the powertrain illustrated in Fig. 2 , the power bus splits the power demand from the mechanical part into power demands to the fuel cell and the battery, and combines the powers supplied from the two sources to drive the motors based on a powermanagement strategy. A poorly designed power-management strategy may result in worse fuel economy than that of conventional vehicles. Among the variety of power-management strategies, such as a rule-based control ͓7͔, dynamic programming ͑DP͒ ͓26͔, stochastic dynamic programming ͑SDP͒ ͓27͔, and equivalent consumption minimization strategy ͑ECMS͒ ͓2,28͔, ECMS is employed here because it provides robust power-management compared with other strategies according to Ref. ͓29͔. Note that the powertrain is decoupled into the electrical and mechanical parts because the mechanical part does not depend on the power-management strategy. Models for the mechanical parts are developed in Ref. ͓30͔, including a motor design model. The vehicle includes two motors; one for each wheel on the rear axis. Using the cited motor model, a motor map is generated as a function of motor variables, namely, rotor radius, number of turns per stator coil and rotor resistance. Here, the rotor radius, rm, is assumed to be the only designable geometry. Since motors can cover wider speed and torque ranges more efficiently than conventional ICEs, the conventional gearbox is removed and each motor is connected to each wheel through a belt and pulley system. Thus, the final drive ratio is determined by the pulley speed ratio, pr. With a given rotor radius and pulley speed ratio, the model estimates the required power, P pt req ͑t ; rm , pr͒ as a function of time, t, for a given motor design. The masses of the fuel cell, battery, and motors are also taken into account.
In the electrical side, the powers from the battery and fuel cell are estimated from P pt req ͑t͒ based on ECMS. In ECMS, the instantaneous energy consumption, defined as the weighted sum of the fuel energy consumed in the fuel cell and the electric energy consumed in the battery, is minimized at each time step subject to the available powers from the battery and fuel cell. By definition, the performance of ECMS depends highly on the weight that varies by the driving conditions and vehicle designs. Thus, for every design change, a nested optimization process needs to be executed in order to find the optimal weight, minimizing the overall fuel consumption while sustaining the final SOC ͑SOC f ͒ within a small range from the initial SOC ͑SOC i ͒ or g pt SOC = ͉SOC f −SOC i ͉ − 0.001Յ 0. Then, as shown in Ref. ͓29͔, the fuel economies estimated at the optimal ECMS and DP solutions are close enough not to affect the system solution.
Provision of sufficient power, speed, and torque is assured by imposing the design constraints g pt power = max͕P pt req ͑t͒ − P pt avl ͑t͖͒ Յ 0
For acceleration performance, the 0-60 mph time, t 0-60 , is measured and should be less than 8 s, expressed as g pt 0-60 = t 0-60 −8 Յ 0.
The cost of the powertrain, C pt , estimated for enterprise decisions, can be expressed as follows:
where C fc , C bt , and C mt are the costs of fuel cell, battery, and motor, while C ic is the cost of a target ICE whose max power is 200 kW. Since the specific cost of ICEs is not readily available, we employ the same assumption as in Ref. ͓31͔, i.e., ͑ICE specific cost͒ =19$ / kW. Thus, C ic = $3800. Also, C fc =SC fc P fc max . For the battery and motor, cost models presented in Ref. ͓32͔ are used. Since the battery model is developed for NiMH batteries, the reference manufacturing cost and the reference specific energy are modified for Li-ion batteries. Then, the powertrain subproblem in a deterministic ATC formulation can be expressed as follows:
given t pt = ͕t fe pt ,t C pt ͖,r fc ,r bt , min x pt ,t fc ,t bt ͕͑t pt − r pt ,t fc − r fc ,t bt − r bt ͖͒ subject to g pt power Յ 0, g pt speed Յ 0, g pt torque Յ 0,
where r pt = a pt ͑x pt ,t fc ,t bt ͒, x pt = ͕rm,pr,n bt ͖ ͑11͒
where t pt is a vector of targets for fe pt and C pt cascaded from the enterprise subproblem. The rotor radius and the number of battery cells are deterministic, while the pulley ratio is normally distributed with pr = 0.002. In this subproblem, the local constraints except for g pt 0-60 are assumed to be deterministic. Due to the nested optimization and ECMS, g pt SOC is not violated unless the power sources are too small for the vehicle. For fuel economy estimation, simplified federal urban driving schedule ͑SFUDS͒ is used here, which has the same average speed and maximum acceleration and braking values as the federal urban drive schedule ͑FUDS͒ used in United States urban fuel economy estimates, but runs for only 360 s while FUDS runs for 1500 s ͓33͔.
Enterprise Decision Model
The objective of enterprise decisions is to maximize profit subject to marketing constraints. Here we consider a simple gross profit calculated as the total revenue minus the cost of obtaining the revenue. Revenue equals price, p ent , times quantity, q ent , considering the sale of the designed vehicle the only economic activity. Also, this study considers only the manufacturing cost of the vehicle, ignoring operational expenses, such as marketing and sales ͓34͔.
Under standard microeconomic assumptions, a negative linear relationship between price and quantity demanded of conventional light class trucks can be drawn from the two pairs of price and annual sales data in 2001 and 2002, shown in where S ent = ⌬q ent / ⌬S ent , p ent = ⌬q ent / ⌬p ent , and is a zero-price demand ͑the number of units taken were they given away freely͒.
Here S ent can be interpreted as the fuel cost saving elasticity of demand, meaning the responsiveness of the quantity demanded of a good to a change in the expected fuel cost saving. Due to lack of 
, is realized through consumer's aversion toward the new technology that can be modeled by a net utility threshold V ent ͓35͔. Then, for market acceptability, the difference between fuel saving from a hybrid fuel cell vehicle and change in price should be greater than the threshold ͓34͔, expressed as
where p ent 01͉02 is the average of 2001 and 2002 market prices of the current conventional light truck design, which is set to $24,109. Because the value of V ent is not verified in this study, we will treat it as a parameter in the optimization. Its value is determined after the following discussion on the fuel cost saving.
In order to estimate the fuel cost saving in miles traveled, the rate of fuel consumption and fuel price need to be known. Lifecycle mileage of light trucks for the first 12 years of vehicle life is presented by Environmental Protection Agency ͓36͔ ͑see Table 3͒ ; the rate of fuel consumption is the inverse of fuel economy obtained from the powertrain model, assuming that the initial fuel economy is maintained for the period. On the other hand, the fuel price is uncertain because it fluctuates across time. In Ref. ͓34͔, the fuel price is assumed to follow the mean-reverting process, expressed as
where ␣ dsl is the speed of reversion, p dsl is the normal level of p dsl , and dsl is the volatility of diesel fuel price, estimated from historical monthly diesel fuel prices from March 1994 to October 2007 ͓37͔. The mean-reverting process can be used for predicting the diesel fuel price for an ICE vehicle. At present there is no such commodity market for hydrogen, and data for hydrogen prices are not rich enough for the mean-reverting process to be applied. The Department of Energy set the 2005 target for the end-user cost of hydrogen to 2.00-3.00$/kg ͓20͔. Therefore, this study assumes that the hydrogen price is $3/kg currently and increases at a static inflation rate, r ent , that is assumed to be 3%. The model for hydrogen prices, therefore, is not suitable for a long-term prediction. Instead, we can assume that both price models are valid in the short-run, such as 2 years. For diesel price, we can generate a random walk for the period based on Eq. ͑14͒. Discounting back with the static inflation rate, r ent , the diesel fuel expense can be calculated in
where M t denotes miles traveled, while fe dsl is the fuel economy of a conventional light truck whose average value is reported to be 22.3 mpg in Ref. ͓38͔ . In order to consider multiple future scenarios, the process is repeated 100,000 times, and the mean of the fuel expenses is used for the rest of model. On the other hand, because hydrogen price increases at r ent , the hydrogen fuel expense and fuel cost saving can be expressed as
Returning to consumer preference, we assume that consumers want their return on investment after 2 years to be larger than half of the cost of the investment. Additionally, for a long-term prediction, five times the fuel cost saving should be larger than the price difference by V ent = $10,000. Both constraints can be expressed mathematically as follows:
Modeling a more sophisticated customer preference is possible but beyond the scope of this demonstration. The manufacturing cost includes the production cost C ent P and the powertrain cost C pt . While C pt is estimated from the powertrain model, the production cost remains to be defined. Due to lack of data, the regression model in Ref. ͓34͔ is scaled down by the ratio between the prices of light and medium trucks, expressed as C ent P = 3.05ϫ 10 4 − 44.5q ent + 0.0443q ent 2 . Then, assuming that the enterprise has allocated the maximum monthly capacity to 1200, the enterprise subproblem in a deterministic ATC formulation can be expressed as follows:
given r pt min x ent ,t pt
where
The lack of understanding of market behavior is taken into account as uncertainties in local variables with S ent / p ent = 0.02, q ent = 12. Also, the local constraints are treated as probabilistic constraints with pf = 0.13%.
Results
Noting that Eqs. ͑5͒, ͑8͒, ͑11͒, and ͑18͒ correspond to the blocks in Fig. 2 , the hierarchically decomposed PATC problem is solved by the SLP coordination strategy, starting from the solution obtained first from solving the deterministic ATC problem. Results are shown in Table 4 . The numbers in parentheses indicate those from the initial point, i.e., the deterministic optimal design. As shown in the table, the initial point is superior to the probabilistic solution based on nominal values with g ent cp1 and g pt 0-60 active. Because the initial point is located at the boundary of the constraints, they are violated severely when uncertainty is introduced. On the other hand, the solution satisfies the constraints under uncertainty but with reduced profit. For example, in the powertrain subproblem, g pt 0-60 is satisfied at the solution with a larger pr that increases the acceleration of the vehicle. Also, the design changes in the fuel cells are more substantial than in the batteries, which could 021020-6 / Vol. 7, APRIL 2010 Transactions of the ASME mean that batteries are less sensitive to uncertainty than fuel cells. At the solution, ␣ cp is reduced significantly because P fc max is considerably sensitive to the uncertainty in ␣ cp with the given uncertainty. More specifically, the standard deviation of P fc max is 0.94 at the solution, while it is 8.2 at the initial point where g fc is violated. Since a smaller compressor typically results in smaller net power per cell, more cells are used to compensate the power shortage. Thus, all changes to make the fuel cell less sensitive to uncertainty ͑or more reliable͒ result in a heavier and more expensive fuel cell system, which causes the smaller and less powerful motors to maintain the vehicle mass. The smaller motor and larger pr decreases the fuel economy, and the reduced fuel economy with the increased fuel cell cost decreases the price and profit of HEFCV at the solution. Figure 8͑a͒ presents the power from the fuel cell ͑solid line͒ and the battery ͑dashed line͒ during SFUDS. The power demand during this schedule is not aggressive compared with the maximum power available from the fuel cell and battery. Moreover, Fig. 8͑b͒ shows the SOC history during the cycle. As shown in both figures, ECMS splits the power demands properly so that the final SOC is maintained close to the initial SOC and satisfies the SOC constraint. Fuel economy depends highly on the final SOC affected by the weight in ECMS. Note that the final SOC of the solution is close to 69.9% ͑the lower bound of the final SOC͒ to maximize the fuel economy. Since the fuel economy estimated at the optimal ECMS is close to that at the optimal DP ͓29͔, the fuel economy and system solutions are less sensitive to the choice of control strategies when they are optimized. Note that the maximum deviation from the initial SOC is only 0.13%, and the fuel economy is quite high due to the short and mild duty cycle ͑SFUDS͒ where the battery does not need to be charged by the fuel cell. If a longer and more aggressive cycle, such as the urban dynamometer driving schedule ͑UDDS͒ is used, the fuel economy plummets to 43.7 mpg with around 10% of the maximum SOC deviation. Figure 9 shows the performance maps of the fuel cell at the solution. Even though the approximated net voltage output from the fuel cell for 37-105 A is not as accurate as that for the other net current, the net power approximation shows good agreement with the actual output because the excess in the net voltage results in power loss below 1 kW.
The practical feasibility of the solution depends highly on parameters in the cost models, which have not yet been validated. In order to investigate the importance of these parameters, a parametric study is conducted on the fuel cell stack cost per area, the battery reference manufacturing cost per mass and the hydrogen price ͑denoted by PS : FC, PS : BT, and PS : H2, respectively͒. The parameters are summarized in Table 5 , and Fig. 10 shows the parametric study results. Due to the increased costs, all profits drop to negative. It is important to note that changes in the cost analyses and the fuel price prediction affect not only enterprise decisions but also engineering decisions because of the strong coupling between the two domains. When the fuel cell or battery cost is high, the enterprise sets the fuel economy and powertrain cost targets by balancing them, but in different ways for each case.
In the case when the fuel cell stack cost is high, the fuel economy decreases significantly to enable cost to be as low as possible. This is because the fuel cell cost in the original solution comprises a significant portion of the powertrain cost. Thus, to make the powertrain more inexpensive, a smaller fuel cell is favorable and power can be drawn from the more powerful battery resulting in slightly increased battery cost. On the other hand, in the case when the battery manufacturing cost is high, fuel economy increases despite the increased battery and powertrain costs because the battery in the original solution is at least three times less expensive than the fuel cell. Also, the battery cost in this study is more dependent on its capacity than its power resulting in a significant drop in the optimal battery capacity. Based on profit-loss comparisons between these two cases, the cost reduction in fuel cells is more important than that of batteries. Another important factor for market feasibility is hydrogen price. Similar to other types of vehicles, as the fuel price rises, fuel economy becomes more important. Since higher fuel economy requires more efficient but expensive powertrains, vehicle cost also increases significantly. That is, decisions on HEFCV require accurate fuel price models in addition to reliable engineering models. While the mean-reverting process is applied to diesel fuel price, the hydrogen price is assumed to increase by the inflation rate due to lack of historical price data. Since the hydrogen price is expected to have low volatility, the fuel cost saving would be larger, and demand and profit might be improved if a hydrogen price model for a longer time horizon is provided.
Conclusion
The proposed hierarchically decomposed HEFCV design model included enterprise decisions, powertrain, fuel cell, and battery models. A PATC problem was then formulated to consider uncertainties in engineering design and marketing decisions. Customer preference and demand were assumed to be random variables. Since the linking variables between the powertrain model and its children contain performance maps, the maps were approximated in order to reduce the number of linking variables. The approximation of the performance maps at the solution agreed with the actual maps with less than 5% error. The problem was solved by the SLP coordination strategy presented in Refs. ͓15,16͔ that takes advantage of the simplicity and ease in estimating propagated uncertainties through linear functions.
Among the nine constraints, a customer preference constraint, g ent cp1 , and an acceleration constraint, g pt 0-60 , were active, and would be violated severely if the deterministic optimal design were to be chosen. Given the assumptions on costs and hydrogen price predictions, the resulting HEFCV was expected to achieve a profit of $2.20ϫ 10 6 for the particular light truck market segment. Moreover, the cost analyses and price prediction are as critical as engineering models for market feasibility based on the parametric study. Clearly, these are results based on the assumed parameter values and models. It is important to note that many models and parameters used in this study do not represent the current state of technology due to limited availability of data: the fuel cell models are based on the Ford P2000 prototype in 1999 ͓39͔, while most cost and weight models are based on the 2010 United States DOE targets and need to be validated.
For a more comprehensive understanding of the overall design tradeoffs, constraints related to packaging and safety must be included, and these constraints require multidisciplinary analyses and decisions. For example, many safety issues of fuel cell vehicles are related to hydrogen transport and storage that affect packaging and vehicle performance. Safety depends also on battery materials. In this study, a metal oxide-based cathode material ͑LiCoO 2 ͒, commonly used for electronics, is used due to availability of material properties. The load profiles of automotive applications are considerably more aggressive than those of power electronics, and so a novel group of olivine-based cathode materials, such as phospho-olivine LiFePO 4 , can improve safety significantly and be suitable for hybrid vehicles ͓40͔. Since these constraints require a multidisciplinary approach, use of the optimization strategies employed here could be advantageous in investigating system tradeoffs.
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Nomenclature
A, n ϭ area and number of cells in fuel cell and battery cell stacks a , f , g ϭ response, objective and constraint functions C ij ϭ set of children of the element j at level i C, SC ϭ cost and specific cost Cp, E, R ϭ capacity, open circuit voltage and internal resistance of a battery cell E i ϭ set of elements at level i fe ϭ fuel economy h ϭ cell thickness I, v ϭ current and voltage m ϭ mass P ϭ power p, q, S, V ϭ price, quantity, fuel cost saving, and utility threshold in enterprise decision pf ϭ probability of failure pr, rm ϭ pulley speed ratio and rotor radius in a motor r , R ϭ deterministic and random responses SOC ϭ state of charge t , T ϭ deterministic and random design targets t ϭ time t 0-60 ϭ 0-60 mph time w ϭ linking variable deviation weighting coefficients 
